A fundamental feature of the temporal organization of neural activity is phase-amplitude coupling between brain rhythms at different frequencies, where the amplitude of a higher frequency varies according to the phase of a lower frequency. Here, we show that this rule extends to brain-organ interactions. We measured both the infra-slow ( $ 0.05 Hz) rhythm intrinsically generated by the stomachthe gastric basal rhythm -using electrogastrography, and spontaneous brain dynamics with magnetoencephalography during resting-state with eyes open. We found significant phase-amplitude coupling between the infra-slow gastric phase and the amplitude of the cortical alpha rhythm (10-11 Hz), with gastric phase accounting for 8% of the variance of alpha rhythm amplitude fluctuations. Gastric-alpha coupling was localized to the right anterior insula, and bilaterally to occipito-parietal regions. Transfer entropy, a measure of directionality of information transfer, indicates that gastric-alpha coupling is due to an ascending influence from the stomach to both the right anterior insula and occipito-parietal regions. Our results show that phase-amplitude coupling so far only observed within the brain extends to brain-viscera interactions. They further reveal that the temporal structure of spontaneous brain activity depends not only on neuron and network properties endogenous to the brain, but also on the slow electrical rhythm generated by the stomach.
Introduction
Phase-amplitude coupling (PAC) is a fundamental organizational rule where the amplitude of a high-frequency oscillation varies according to the phase of a lower frequency oscillation (Bragin et al., 1995; Canolty et al., 2006; Schroeder and Lakatos, 2009; Buzsaki, 2010) . This rule has been recently shown to also govern the temporal organization of spontaneous large-scale brain activity in humans (Osipova et al., 2008; Roux et al., 2013; Florin and Baillet, 2015; Weaver et al., 2016) . Here, we propose to extend the hierarchical organization of PAC to brain-viscera interactions. The brain at rest is not a closed system as it constantly receives information from visceral organs (Mayer, 2011; Critchley and Harrison, 2013; Furness et al., 2013) . Some organs may provide an external source of slow frequency rhythms relayed to the brain and contributing to the temporal organization of resting-state brain dynamics. Specifically, we hypothesize that the gastric basal rhythm, an infra-slow electrical oscillation intrinsically and continuously generated by the stomach, may influence resting-state brain dynamics.
The stomach contains a specific cell type -the interstitial cells of Cajal (Sanders et al., 2006; Sanders et al., 2014) -at the interface between the enteric nervous system and gastric smooth muscles, that intrinsically generate an electrical slow wave at $ 0.05 Hz (3 cycles per minute). During digestion, the gastric basal rhythm sets the pace of muscle contraction, but the rhythm is generated at all times, even in the absence of contraction (Bozler, 1945) , or when the stomach is experimentally disconnected from the central nervous system (Suzuki et al., 1986) . Gastric interstitial cells of Cajal form synapse-like connections with afferent sensory neurons (Powley and Phillips, 2011) that, via spinal and vagal nerve pathways and various subcortical relays, target a number of cortical structures comprising notably the insula, ventral anterior cingulate cortex and somatosensory cortex (Ito, 2002; Mayer, 2011; Critchley and Harrison, 2013; Furness et al., 2013) . The stomach may thus be considered as an autonomous electrical pacemaker that may continuously feed the brain with a slow oscillatory input constraining resting-state brain dynamics. We tested whether the phase of slow gastric oscillations is coupled to the amplitude of higher-frequency brain rhythms at rest in humans. We recorded brain activity with magneto-encephalography (MEG) along with gastric electrical activity measured from cutaneous electrodes placed on the abdomen (Fig. 1A) , a technique called electrogastrography (EGG) (Koch and Stern, 2004) , from 17 participants at rest with eyes open for 12 min.
Material and methods

Participants
Seventeen right-handed adult participants (mean 7sem age: 23.9 70.62, range 20-29; 8 males; mean body-mass index 22.02 70.62, range 17.5-26.1) with normal or corrected to normal vision took part in the study. None of the participants had any previous history of neurological, psychiatric or digestive disease. Participants had been fasting for at least 2 hours before the recordings. They signed a written informed consent and were paid for participation. All procedures were approved by the Ethics Committee CPP Ile de France III and were in accordance with the Helsinki declaration.
Procedure and recordings
Participants fixated a central black fixation mark (black dot, radius 0.13°of visual angle, surrounded by a black circle, radius 0.38°of visual angle) presented on a gray background at a viewing distance of 80 cm for 12 min. Participants were instructed to stay still, to fixate the central mark and to let their mind wander, avoiding any structured strategy such as counting or mentally reciting a text. Continuous magneto-encephalographic (MEG) signals were collected using a whole-head MEG system with 102 magnetometers and 204 planar gradiometers (Elekta Neuromag TRIUX MEG system) at a sampling rate of 1000 Hz and online lowpass filtered at 330 Hz. The electrogastrogram (EGG) was recorded via 19 disposable cutaneous electrodes (17 active, 1 reference and 1 ground) placed on the abdomen and acquired simultaneously with MEG data (DC recordings, low-pass filter at 330 Hz). In classical EGG montages, the reference electrode is located in the upper right part of the abdomen, and active electrodes are placed over the left part of the abdomen (Chen et al., 1999) , where the stomach lays. We extended this montage to create a bilateral grid of EGG electrodes placed over four regularly spaced rows (Fig. 1a) . In each participant, we first determined the midpoint between the xyphoid process and the umbilicus. The central electrode of the second row was located 2 cm above this midpoint (Chen et al., 1999) . The vertical position of the top-row was then determined as the intersection of a 45°line originating from the central electrode of the second row, and the left mid-clavicular line. The horizontal positions of rows 3 and 4 were distributed such that the vertical spacing between each row was equal. The electrodes were horizontally centered on the midline and were evenly distributed between the left and right mid-clavicular lines. The first row consisted of 3 electrodes, with the rightmost electrode being used as a reference. The subsequent rows consisted of 5 electrodes. The ground electrode was located on the participant's left costal margin. An electrocardiogram (ECG) was simultaneously recorded. Eye position and pupil diameter were monitored with an EyeLink 1000 (SR Research) and simultaneously recorded with MEG, EGG and ECG data.
MEG data preprocessing
Signal Space Separation (tSSS) was performed using MaxFilter (Elekta Neuromag) to remove external noise. Subsequent analysis was conducted on magnetometer signals. The cardiac artifact was corrected using Independent Component Analysis (ICA), as implemented in the FieldTrip toolbox (Oostenveld et al., 2011) . Briefly, the 12 min. resting period was divided into 5 s segments to compute ICA components. The number of independent components to be identified was the rank of the time x trial matrix. The continuous magnetometer data were then decomposed according to identified ICA components. The ICA-decomposed MEG signals and ECG data were epoched from 250 ms before to 400 ms after each R-peak and the pairwise phase-consistency (PPC) (Vinck et al., 2010) was computed between the ICA-decomposed signals and the ECG signal to isolate those components most reflective of ECG activity. Components with large PPC values and topographies matching the stereotypical ECG artifact were rejected from the continuous MEG data (mean 1.71 70.41 sem components rejected). Blink artifacts were defined as the blink intervals identified by the EyeLink eye-tracker system padded by 7100 ms. On average, 8.92% 72.19 sem of the total recording time was marked as contaminated by blink artifacts and was excluded from the analysis. ICA-corrected magnetometer data were then downsampled to 400 Hz and submitted to a Hann tapered 1 s window FFT, computed from 0 to 720 s at 0.050 s steps. The squaredmagnitude of the resulting complex Fourier coefficients was used to generate the power envelope time series with a 20 Hz sampling rate for frequencies ranging from 1 to 100 Hz in 1 Hz steps.
EGG processing
EGG power at each abdominal electrode was computed via a Hann tapered FFT, using Welch's method with a 200 s window moving in 50 s steps. For each participant, the electrode exhibiting the largest spectral peak in the 0.05 7 0.01 Hz range, centered in the normogastric range (Riezzo et al., 2013) , was selected for further analysis. To identify and mark EGG artifact periods, the raw signal was filtered between 0.01 and 0.5 Hz to isolate EGG related variance, and the standard deviation was computed over the trial. Segments of this filtered signal exceeding 4 standard deviations were marked as artifacts. These periods were padded by 7 the filter order used to isolate the EGG peak frequency ( 70.02 Hz of the peak frequency, see below) to compensate for temporal smearing of the artifact by the filter. On average 12.85%72.71 sem of the total recording was discarded due to presence of artifacts in the EGG signal, mostly due to participant movement. The raw EGG was then downsampled to 20 Hz and filtered using a frequency sampling designed finite impulse response filter (Matlab: FIR2), with a bandwidth of 7 0.02 Hz of the peak EGG frequency, and a transition width between the passband and stopband of 15% of the upper and lower passband frequencies. The filter order was determined as the number of samples corresponding to 3 cycles of the lower passband frequency. Importantly, filter width was large enough to capture slower and faster gastric episodes. Filtered data thus retained all the frequency variability intrinsic to the gastric rhythm necessary for the statistical procedure we used (see below). The filter width was sufficiently narrow enough to exclude any contribution from respiration. The filtered EGG signal was then Hilbert transformed and the analytic phase was derived.
Phase-amplitude coupling (PAC)
As a result of the preprocessing steps, we obtained a pair (ϕ gastric (t), Pow MEG (t)), where ϕ gastric is the phase of the gastric rhythm, and Pow MEG the power of the MEG signal in a given frequency band at a given sensor, at each sample t of the artifactfree epochs. The EGG phases were sorted into 18 bins spanning the [-pi, pi] interval, and corresponding MEG power was averaged for each phase bin. MEG power sorted by EGG phase bin defined the PAC profile (Fig. 1f) . To quantify the deviation of the PAC profile from a uniform distribution, we computed the modulation index (MI) (Tort et al., 2010) . Briefly, when the MEG power shows no systematic relationship to the EGG phase, MEG power in each EGG phase bin will tend toward the overall average MEG power, resulting in a flat, or uniform, distribution. The MI of Tort et al. (2010) specifically measures deviation from a uniform distribution, and thus in this case a correspondingly low MI value will result. Alternatively, if the MEG signal power systematically differs across EGG phase bins, the PAC profile will deviate from a uniform distribution and MI will be larger. As shown by (Tort et al., 2010) , MI is sensitive to 1:1 coupling but also to higher 1:m coupling modes (Palva et al., 2005) .
Statistical determination of significant clusters of PAC
The statistical determination of significant clusters of phaseamplitude coupling was a two-step process. We first estimated, for each participant, chance-level PAC at each sensor and frequency. We then determined, at the group level, sensors and frequency where a significant difference between observed coupling and chance-level coupling differed. Those steps are detailed below.
We first estimated the level of PAC expected by chance and the corresponding chance-level MI for each participant, magnetometer and MEG frequency. We created surrogate data where the relationship between EGG and MEG signals was disrupted by shifting EGG phase and MEG power signals relative to one another by a random time interval exceeding 7 60 s, i.e. about 3 gastric cycles. Data at the end of the record were wrapped to the beginning, as in the cutting/swapping procedure proposed by Bahramisharif et al. (2013) . This procedure best preserves phase autocorrelation and is much more conservative than the random shuffling of the full time series (Weaver et al., 2016) . In other words, from the original pairs (ϕ gastric (t), Pow MEG (t)) we created surrogate pairs (ϕ gastric (t), Pow MEG (tþτ)) where τ is a value randomly chosen between 1 and 11 min. Because the filtered EGG signal, and MEG power envelope are not pure sine waves, but physiological signals that exhibits spontaneous increases and decreases in frequency, any link between gastric phase and brain rhythms is disrupted in the surrogate data. For each participant, MEG sensor and frequency, we obtained a distribution of surrogate MI values by creating 1000 surrogate data sets, corresponding to 1000 random τ, and computing the associated MIs. We defined the chance level, for each participant, sensor and MEG frequency, as the median of surrogate MI values.
We tested whether the empirical MI significantly differed from chance level MI at the group level using a cluster-based permutation procedure (Maris and Oostenveld, 2007) , as implemented in FieldTrip (Oostenveld et al., 2011) , that extracts significant differences between two conditions, across sensors and MEG frequencies, while intrinsically correcting for multiple comparisons. Briefly, this procedure entails comparing empirical MI with the corresponding chance level MI value across participants using a t test at each sensor and frequency. Candidate clusters are defined in space as sensors exceeding the first level t-threshold (po0.05, two-sided) and that are connected to at least 2 neighboring sensors that also exceed this threshold, and across adjacent frequencies that exceeded the first level t-threshold. Each candidate cluster is characterized by a summary statistic corresponding to the sum of the tvalues across the sensors and frequencies defining the cluster. The second-level statistic, i.e. whether a given sum of t-values in the candidate cluster could be obtained by chance, was determined by computing the distribution of cluster statistics under the null hypothesis. In practice, we randomly shuffled the labels 'empirical' and 'chance' 10,000 times, applied the clustering procedure and retained the largest positive and negative clusters from each permutation. Across the 10,000 permutations one can thus build the distribution of cluster statistics under the null hypothesis, which is then used to assess the empirical clusters for significance. Because the largest positive and negative clusters are retained at each permutation, this method intrinsically controls for multiple comparisons over sensors and frequencies (Maris and Oostenveld, 2007) . The resulting clusters are described by their summary statistics, corresponding to the sum of t-values for each time sample and sensor belonging to the cluster, and by their MonteCarlo p-value describing significance at the cluster level corrected for multiple comparisons across sensors and frequencies.
Explained variance
To determine the percentage of fluctuations of brain activity at a given frequency explained by the phase of the gastric rhythm, we computed the ratio between the variance of the original MEG amplitude envelope and the variance of the PAC profile, i.e. the MEG amplitude envelope sorted by gastric phase (Fig. 2 ). When MEG amplitude shows no systematic variation with EGG phase, then the distribution of phase-sorted amplitude will approach uniform, which will yield a low variance computed across the bins. Alternatively, when the MEG data is systematically modulated by EGG phase, the distribution of phase-sorted amplitude will be non-uniform giving rise to a larger variance across bins. The variance across bins of the phase-sorted amplitude is divided by the variance of the original non-phase organized signal, which gives the proportion of the MEG amplitude fluctuations in the original signal that is explained by EGG phase, or, in other words, the explained variance. In practice, we computed the ratio between the variance of the time-varying MEG 10-11 Hz amplitude envelope binned by EGG phase and the variance of the original MEG 10-11 Hz amplitude envelope smoothed in time-windows of a duration equal to the length of one phase bin, using a zero-phase moving average filter.
Source analysis
We used a beamformer-based source localization technique to obtain a time series of 10-11 Hz power per voxel, per participant. A 5 mm grid spanning the MNI ICBM 152 nonlinear high-resolution (0.5 mm) template brain was constructed. This grid was warped to the anatomy of each participant based on his or her individual MRI. The ICA corrected magnetometer signals were downsampled to 50 Hz, and zero-phase filtered between 10 and 11 Hz (FIR frequency sampling filter, transition band of 15% of the upper and lower passbands, order¼200). A spatial filter was constructed using an LCMV beamformer and a single-shell head model, implemented in the FieldTrip toolbox (Oostenveld et al., 2011) . Data containing blinks were excluded from spatial filter construction. Since resting-state data cannot be contrasted to another condition, the leadfields were normalized using the default parameter of 0.5 to reduce power bias towards the center of the head. Source time series of the 10-11 Hz data were constructed by projecting the 12 min 10-11 Hz filtered data segment through the spatial filter and taking the magnitude of each dipole along its principal axis. The power envelope was then determined as the squaredmagnitude of the Hilbert transform. The resulting power envelope was downsampled to 20 Hz. These virtual source time series were used to determine PAC values using the same computation as at the sensor level. A one-tailed cluster statistic was then computed, using the same surrogate data sets and clustering procedure as described at the sensor level, to determine regions showing significant gastric-brain coupling at the source level. This test utilized a first level threshold corresponding to the 98.5 percentile of Student's t-distribution, and the default FieldTrip neighborhood definition and connectivity.
Transfer entropy
Transfer entropy (TE), a directional measure of information transfer sensitive to linear and non-linear coupling , was used to determine the direction of interaction between the gastric slow-wave and the 10-11 Hz alpha power, at each of the source time series belonging to a significant PAC cluster. We computed TE between the alpha source power time series from the source-localized clusters and the EGG time series filtered 7 0.02 Hz of the EGG peak frequency using TRENTOOL . The 12 min resting state data were segmented into 60 s segments for TE analysis, sampled at 20 Hz. The embedding delay and embedding dimension were estimated for each participant via Ragwitz' criterion (Ragwitz and Kantz, 2002) , with the maximal value of each measure taken across participants as the optimal parameters. The time series were embedded using these parameters, and the TE value was computed at each voxel between the alpha source power and EGG signal. Each TE value was tested for statistical significance via the non-parametric statistical test provided by TRENTOOL. The number of TE interactions exceeding an arbitrary threshold of p o0.05 uncorrected, either in the EGG-MEG, or MEG-EGG directions was tabulated for each participant, separately for the anterior and posterior significant PAC clusters. To test for an asymmetry of directional interactions, the number of pairs above this threshold was then compared between the two directions using a paired t-test, separately in the posterior and anterior clusters, with the results of both t-tests Bonferroni corrected for multiple comparisons.
Results
Existence of gastric-alpha coupling
For each participant, we determined gastric frequency at the EGG electrode showing the largest peak in the normal gastric range to take into account intersubject variability in stomach location and to maximize signal-to-noise ratio (Fig. 1a , mean EGG frequency 0.046 Hz70.001 sem). We then computed coupling between the gastric phase and the amplitude of brain rhythms from 1 to 100 Hz using the modulation index (MI) (Tort et al., 2010) . We compared the obtained MI values with estimated chance level (see Material and Methods) using a cluster-based procedure (Maris and Oostenveld, 2007) that intrinsically corrects at the group level for multiple comparisons across sensors, frequencies and time samples. Within the frequency range tested (1-100 Hz), significant gastric-brain coupling (Fig. 1b) occurred in the alpha range, at 10 and 11 Hz, in two bilateral parieto-occipital clusters with an extension over right fronto-temporal sensors (sum(t) ¼53.22, MonteCarlo p ¼0.0008, and sum(t)¼ 52.57, Monte-Carlo p ¼0.0008, corrected for multiple comparisons). Summary statistics of gastric-brain coupling (Fig. 1c) show a distinct peak at 10 and 11 Hz, indicating that the effect is well localized to the alpha band. The topography of significant gastric-alpha coupling and alpha power overlap, but only partially (Fig. 1e) .
Gastric-alpha coupling was highly specific to gastric frequency (Fig. 1d) . We filtered the signal from the abdominal electrode with a center frequency slightly lower or higher than each participant's gastric frequency (70.015 Hz, in steps of 0.005 Hz), and repeated the same PAC analysis. Clusters obtained with a slight offset from gastric frequency showed much smaller summary statistics, that decreased and became non-significant as the distance from the original EGG frequency increased. To determine if coupling between MEG power and EGG phase was sensitive to the individual alpha peaking frequency of each participant (10.35 Hz 70.13, range 9.6-11.6 Hz), we recomputed the sensor-level statistics after aligning to each participant's alpha peak. We found that this did not modify the results (two significant bilateral clusters, sum(t) ¼ 44.33, 34.16, MonteCarlo p ¼0.0020, 0.0064, with a similar topography). Individual phase-amplitude profiles of a subsample of participants (participants with largest, median and smallest MI) are plotted in Fig. 1f . Those profiles show that gastric-alpha coupling seem to involve both 1:1 and higher coupling modes since the PAC profile may show consistent deviations from a sinusoidal fit (Fig. 1f, left) . We then determined explained variance, i.e. the proportion of spontaneous alpha fluctuations explained by gastric phase. The rationale for determining explained variance is described in Fig. 2 (see also Material and methods). It relies on the comparison between the variance of the original alpha amplitude envelope and the variance of the alpha amplitude envelope sorted by gastric phase. We found that in the significant clusters gastric phase accounted for 8.0 70.5% (range across participants: 4.4-12.1%) of the variance of alpha amplitude.
Control analyses
MI is in principle independent from power (Tort et al., 2010 ), but we nevertheless verified that gastric-alpha coupling was not driven by EGG nor alpha power. There was no significant correlation across participants between MI and 10-11 Hz power averaged across the significant clusters (Spearman ρ¼0.24, p ¼0.35). EGG power did not correlate with MI either (Spearman ρ¼ À0.34, p ¼0.178). We also estimated the false positives that our statistical approach might generate. We tested whether any of the 1000 surrogate data sets created to estimate chance level could give rise to cluster statistics as large as those produced by original data. We did not find any surrogate data set where two clusters were as large as the two empirical clusters, thereby showing that the Monte-Carlo probability of obtaining the two empirical clusters by chance was smaller than 0.001. The probability of obtaining by chance a single cluster larger than one of the two original clusters was p ¼0.0053.
Gastric-alpha coupling occurs in parieto-occipital regions and right anterior insula
We then identified the cortical regions where significant gastric-alpha coupling takes place. We computed a time series of 10-11 Hz power per voxel per participant using a beamformer-based source localization, computed gastric-alpha coupling at each voxel using the MI and applied the same statistical approach as at the sensor level. Significant gastric-alpha coupling took place in two anatomical regions (Fig. 3 and Table 1 ). The posterior cluster (sum (t) ¼538.60, MonteCarlo p ¼0.014) comprised the parieto-occipital sulcus and calcarine fissure bilaterally. The anterior cluster (sum (t) ¼383.20, MonteCarlo p ¼0.044) was centered on the right anterior insula.
Directionality of interactions between stomach and brain
Lastly, we tested whether the stomach influenced the brain or vice-versa. Since the gastric rhythm is intrinsically generated in the stomach (Bozler, 1945; Suzuki et al., 1986; Sanders et al., 2014) we expected that the ascending direction, from stomach to brain, would predominate. We computed transfer entropy, a measure of directionality of information transfer, between the filtered EGG signal and amplitude envelope of the 10-11 Hz MEG signal, separately for the right anterior insula cluster and for the posterior parieto-occipital cluster. Information transfer was greatest from stomach to brain (Fig. 3) for both the parieto-occipital cluster (t(16) ¼3.07, p¼ 0.015, Bonferroni corrected) and the anterior insula (t(16) ¼7.98, p o10 À 5 , Bonferroni corrected).
Discussion
We show here that the temporal structure of large-scale spontaneous brain dynamics is coupled with gastric signals. Gastric-brain coupling was revealed by a modulation of the amplitude of the alpha rhythm by gastric phase, in the parieto-occipital sulcus and calcarine fissure bilaterally and in the right anterior insula. These results show that the basic rule linking the phase of slow rhythms with the amplitude of higher frequency rhythms, so far observed only within the brain (Bragin et al., 1995; Canolty et al., 2006; Schroeder and Lakatos, 2009; Buzsaki, 2010) , can be extended to interactions between brain and viscera. 8% of spontaneous alpha fluctuations were explained by gastric phase, and gastric-alpha coupling appears to be driven by ascending signals from stomach to brain.
We found that the largest component of spontaneous brain activity, the alpha rhythm, is locked to gastric phase. The alpha rhythm is known to exert an inhibitory influence on spike-firing rate (Haegens et al., 2011) and has a versatile impact on perception, attention and memory (Palva and Palva, 2007; Jensen and Mazaheri, 2010; Klimesch, 2012) . Given the wide range of perceptual and cognitive correlates of alpha oscillations, the gastric rhythm might impose a slow temporal constraint over a range of processes, including basic stimulus detection that displays slow fluctuations (Monto et al. 2008) in the gastric frequency range.
Interestingly, the parieto-occipital regions where we find gastric-alpha coupling are not only associated with alpha rhythm generation (Salmelin and Hari, 1994) , but they are also deactivated in response to experimentally-induced mechanical distension of the stomach, which leads to conscious and sometimes painful stomach sensations (van Oudenhove et al., 2009 ). In addition, electrical intraperitoneal stimulation elicits a response in the monkey visual cortex during sleep (Pigarev, 1994; Pigarev et al., 2006) . The right anterior insula is also activated during gastric distension (Mayer et al., 2009) and is linked to gastric frequency changes during disgust (Harrison et al., 2010) . Those experiments, that involve active stimulation of the stomach or emotional challenges, reveal the existence of anatomical circuits relaying visceral information to cortical structures, including occipito-parietal regions and right anterior insula. Our results show that during resting-state, in the absence of active gastric stimulation but in the presence of the gastric basal rhythm that is continuously generated, this circuitry is functional: the alpha rhythm in parieto-occipital regions and right anterior insula is coupled to the stomach.
fMRI studies have underlined the importance of bodily signals such as cardiac activity, respiration and blood pressure fluctuations, during the resting-state. However in this literature bodily signals are most often considered as artifacts injecting non-neural influences on the BOLD signal (Glover et al., 2000; Birn et al., 2006; Shmueli et al., 2007; Murphy et al., 2013) . Direct measures of cerebral electrical activity, such as MEG or EEG, although not immune to physiological artifacts (Dirlich et al., 1997; Kern et al., 2013) can better reveal the coupling between bodily signals and neural activity. For instance, the brain transiently responds to heartbeats (Schandry and Montoya, 1996; Kern et al., 2013; Park et al., 2014; Babo-Rebelo et al., 2016, Babo-Rebelo et al. in press) . The link between those transient responses and the temporal structure of large-scale spontaneous brain activity is not yet known, although there are reported interactions between heart timing and stimulus processing (Birren et al., 1963; Elliott and Graf, 1972; Gray et al., 2009; Garfinkel et al., 2014) .
Here, we show that gastric activity is directly coupled to spontaneous neural activity. The directionality analysis we performed indicates that the transfer of information is predominantly in the stomach-to-brain direction, congruent with the fact that the gastric basal rhythm is intrinsically generated in the stomach (Sanders et al., 2006) . We thus propose that the stomach could be considered as an external oscillator constraining spontaneous fluctuations of brain activity. This implies that the temporal structure of spontaneous brain activity depends not only on neuron and network properties (Buzsaki and Draguhn, 2004; Deco et al., 2009; Petersen and Sporns, 2015) , but also on a slow oscillator in the stomach wall. So-called "intrinsic" brain dynamics might thus be better understood, modeled and reproduced (Hyafil et al., 2015; Ponce-Alvarez et al., 2015) by including visceral generators of rhythmic activity acting as external oscillators coupled to the brain.
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